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Abstract
This article presents the results of an experiment in which we investigated how prior algebra
knowledge and personality can influence the permanence time from the confusion state to
frustration/boredom state in a computer learning environment. Our experimental results
indicate that people with a neurotic personality and a low level of algebra knowledge can deal
with confusion for less time and can easily feel frustrated/bored when there is no intervention.
Our analysis also suggest that people with an extroversion personality and a low level of
algebra knowledge are able to control confusion for longer, leading to later interventions.
These findings support that it is possible to detect emotions in a less invasive way and without
the need of physiological sensors or complex algorithms. Furthermore, obtained median
times can be incorporated into computational regulation models (e.g. adaptive interfaces)
to regulate students’ emotion during the teaching-learning process.
1 Introduction
Emotions have an important impact on learning, accelerating or hindering it (Pekrun, 2006;
Sullins and Graesser, 2014; D’Mello and Graesser, 2013). Although most studies that inves-
tigate emotions in the educational context have focused on the basic emotions (e.g. sadness,
anger, joy, or surprise), recent research provides evidence that non-basic emotions (e.g. engage-
ment/flow, confusion, frustration, and boredom) are more frequent in computer-based learning
(CBL) (D’Mello and Calvo, 2013).
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Contrary to common sense, confusion is an emotion that should not be avoided in the
learning context because it makes the students seek the knowledge and maintain focus and
attention and is related to encouragement (D’Mello and Graesser, 2013). Students commonly
experience confusion in complex activities which occur throughout the entire school period.
When confusion is detected and experienced, students need to engage in cognitive activities to
solve their confusion.
Although confusion has been positively correlated with learning (Craig et al., 2004; D’Mello
et al., 2007), it should be regulated according to students’ personality and prior knowledge to
have an adequate duration (D’Mello et al., 2007). If confusion persists for a long time, it can
become frustration or boredom (Graesser and D’Mello, 2011). For instance, if a student has
a neurotic personality (i.e., tends to have negative emotions) and he/she is a beginner in the
subject or the task is complex, the confusion must be managed cautiously so as not to become
boredom. However, one question remains: how specifically do students’ personality and prior
knowledge affect the permanence time in a confusion state?
To verify the relation of the permanence time in a confusion state with the students’ per-
sonality and their prior knowledge on learning problems, we have developed an experiment with
higher education students from three Brazilian public universities. This experiment was per-
formed in more than 70 hours and involved 30 randomly selected students, 2 instructors and 2
coders, who analyzed the prior algebra knowledge and the students’ personality. These students
were also asked to solve algebra problems in a computer learning environment. The results
obtained can be used to create less invasive and low cost alternative emotion detectors, unlike
other types of detection, such as physiological sensors, which can be costly and make students
uncomfortable (Shanabrook et al., 2012). In addition, this approach supports emotional reg-
ulation models, in which the students’ emotion can be regulated when they are feeling some
negative emotion.
2 Related works
Emotion is a state constantly awakened and lived by individuals (Xiaolan et al., 2013). Emotions
can undergo several changes upon receiving a stimulus (i.e., a person can become angry, sad,
or joyful). This change of emotion is called the transition state and can be influenced by initial
emotion, emotional events, prior knowledge and individual personality characteristics (Gross,
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2002).
Studies (Graesser et al., 2005; D’Mello et al., 2014) have showed that, in CBL, emotions
transit between engagement/flow, confusion and frustration/boredom. Confusion and engage-
ment/flow have been positively correlated with learning, while frustration and boredom have
been negatively correlated. Ideally, emotions should be regulated considering students’ person-
ality and knowledge, and should have a certain duration (D’Mello et al., 2007). For instance,
academic risk theory contrasts adventurous students, who want to be challenged with difficult
tasks, take the risk of failure, and manage negative emotions when it occurs, with students
who take less risks, avoiding complex tasks and effectively minimize learning situations in which
they are likely to fail and experience negative emotions (Clifford, 1988; Dweck, 2006; Meyer and
Turner, 2006).
In addition, it is necessary to identify who could benefit from an inductive intervention for
a particular emotion (Craig et al., 2004; D’Mello et al., 2007). Of course, confusing a beginner
student or inducing confusion during high-risk learning activities is not a sensible strategy.
Nowadays, these interventions are ideally suited for gifted students who get bored and lose
interest in activities without challenges (Pekrun et al., 2010; D’Mello et al., 2014). (D’Mello,
2012) investigated the emotional transitions1, during the teaching-learning process (Table 1).
Their results show evidence that confusion can lead to two other emotions: engagement/flow
and frustration.
Table 1: Expected affective transitions (Adapted from (D’Mello, 2012)).
Time ti
Time ti + 1
Boredom Flow Confusion Frustration
Boredom - - ?
Flow - + -
Confusion - + +
Frustration + - ?
(+) indicates that the transaction is expected.
(-) indicates that the transaction is highly unlikely.
(?) indicates that there is no explicit relation in the model.
1As students can feel more than one emotion each time, in this paper we are considering the dominant emotion
in a moment in time and the transition to another dominant emotion (Larsen et al., 2001) during the teaching-
learning process.
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When confusion is not handled appropriately (i.e., when instructors do not monitor the
duration of confusion or the students’ personality - tendency to emotional states) the student
can become frustrated and then bored. When a student experiences negative emotions, such
as frustration and boredom, he/she tends to remain in this state and not transit to positive
emotional states, such as engagement/flow. On the other hand, students in flow state tend to
remain engaged or transit alternately to confusion, which is positively correlated with learning
(D’Mello et al., 2007). In a more general context, the transition from an emotional state to
another one can be modeled through a survival or reliability analysis, where the transition
probabilities are obtained for each specified time (Meeker and Escobar, 1998).
3 Method
During the teaching-learning process, the student can experience several emotions (engage-
ment/flow, confusion, frustration/boredom, etc.) and these emotions can transit from one to
another. The change from an emotional state to another one can depend on several factors,
including personality and prior knowledge on the subject. For instance, a beginner student with
personality tending to negative emotions (e.g., neuroticism) can easily move from confusion to
frustration/boredom when he/she strives to solve a problem or has a long period of confusion.
This section describes the design and planning used in our experiment to investigate whether
the personality traits (neuroticism and extroversion) and algebra knowledge of students affect
their permanence times from the confusion state to frustration/boredom state during the use of
a computer learning environment.
3.1 Research questions
This work aims to answer the following research questions (RQ):
RQ1: Do personality traits influence the permanence time from confusion to frustration/boredom
in an educational software?
RQ2: Does algebra proficiency influence the permanence time from confusion to frustra-
tion/boredom in an educational software?
RQ3: What is the average permanence time spent by a student (with different combina-
tions of personality traits and algebra proficiency) from confusion to frustration/boredom in an
educational software?
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3.2 Participants
We gathered information from 30 randomly selected students. 13% are women (corresponding
to 4 people) aged 21-22 years (mean age of 21.5 years) and 87% are men (corresponding to 26
people) aged 19-34 years (mean age of 26.5 years). All participants were invited through direct
contact and are undergraduate students in areas related to Computer Science and Software
Engineering, except 4 male participants who are undergraduate students in Industrial Design (2
people), Production Engineering (1 person) and Geography (1 person).
3.3 Materials
For the execution of the experiment, the following instruments were used: (i) questionnaire with
personal questions, (ii) multiple-choice test, (iii) personality trait scale and (iv) equation solving
test. The personal questionnaire aims to know the profile of participants and contains questions
about personal data, such as whether the participants have already used some educational
software before and their prior knowledge on algebra. The algebra test covered five multiple
choice questions which involved first and second degree equations, determinants, factorials, and
logarithms. These questions were suggested by two math teachers and they were separated into
three difficult levels: basic (2), intermediate (2) and difficult (1). Each correct question was
assigned the value 0.2 points, so the total points for each student can be 0, 0.2, 0.4, 0.6, 0.8 or
1.
The personality trait scale2 assessed the participant’s personality for neuroticism and extro-
version indexes. Each of these indexes varies from 0 to 1, where 1 indicates greater presence of
characteristic summarized by the index. This test was based on the five-factor model and is writ-
ten in Portuguese. Finally, nine algebra questions were proposed in an educational software3,
all in the same scope previously tested. The nine questions also involved first and second degree
equations, determinants, factorials, and logarithms. They were suggested by two math teachers
and they were separated into three difficult levels: basic (3), intermediate (4) and difficult (2).
3.4 Procedure
Each participant had an hour and a half to perform the experiment (Figure 1). First, students
were asked to fill in the personal questionnaire in 10 minutes. Afterwards, students answered
2Available at https://personalitatem.ufs.br/inventory/home.xhtml.
3Available at http://acubo.tecnologia.ws/aluno.html.
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the multiple choice test and then the personality trait scale, which had a total duration of
30 minutes. After this initial phase, students accessed a system for solving algebra problems.
First, they should fill out information with their personal data. Hence, they solved nine algebra
problems (scratch papers were provided) and entered their final answer in the system. The
students’ face were recorded while they were solving the equations for later analyses of their
emotions (confusion, frustration and boredom).
Figure 1: Procedure of the experiment.
As previously mentioned, the analysis of the video was performed by two coders, one grad-
uates from Computer Science and one from Industrial Design. According to (Sebe et al., 2005),
the recognition of facial expressions by humans has an accuracy of approximately 87%, making
it possible that people with no training in Psychology and without any tool to measure emotions
can recognize different types of emotions by the face.
The coders annotated the emotions students experienced and the permanence time in each
of them during problem solving. They separately annotated the beginning and ending time
that each student expressed, by face, the emotions engagement/flow, confusion, frustration, or
boredom. Then, they discussed together the annotations and reached an agreement. The coding
of the facial expressions was performed according to guidelines suggested by (Lera and Garreta-
Domingo, 2007), in which they propose 10 heuristics of human behavior in order to infer what
emotions humans are experiencing at a given moment.
4 Statistical Modeling
This study aims to determine the permanence time from a confusion state to a frustration/boredom
state for each student. So we used a statistical model that describes the permanence time in a
state until an event of interest occurs. This type of approach is known as survival or reliability
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analysis, and its main objective is to know the behavior of a given population as to the time of
occurrence of one or more events of interest (Kleinbaum and Klein, 2012). We have opted for a
Bayesian inferential analysis, in which all unknown quantities (e.g., model parameters) can be
modeled by means of probability distributions (Bernardo and Smith, 1994).
Our modeling for the permanence time from confusion to frustration/boredom for ith student,
i = 1, . . . , 30, will be characterized by a Weibull proportional hazards model with fragility (Sahu
et al., 1997), given by:
hi(t | θ, wi,xi) = λα tα−1 exp
(
β1 x1i + β2 x2i + β3 x3i
)
wi, (1)
where hi(t | ·) is a risk function for student i at time t. The parameters β1, β2 and β3 are the
coefficients associated with students scores i in the preliminary algebra test (x1i), neuroticism
index (x2i) and extroversion index (x3i), respectively. λ and α are scale and shape parameters
of the Weibull distribution that defines the baseline risk function described by λα tα−1. The
frailty (or random effect) for the student i is described by wi ∼ Gamma(η, η), where its variance
is given by κ = 1/η. The parameter and variable vectors are defined as θ = (β1, β2, β3, λ, α, η)
>
and xi = (x1i, x2i, x3i)
>.
We assume prior independence as a default specification. In addition, we elicit vague proper
marginal prior distributions, in order to give all inferential prominence to the data:
pi(β1) = pi(β2) = pi(β3) = pi(log(λ)) = Normal(0, 1000),
pi(α) = pi(η) = Gamma(0.01, 0.01).
(2)
The posterior distribution pi(θ | D) is not obtained analytically (D represents the collected
data), so we approximate it using Markov chain Monte Carlo (MCMC) (Gamerman and Lopes,
2006) with the WinBUGS software (Lunn et al., 2000).
5 Discussion of results
In this paper, we aim to study the permanence time of students from confusion to frustra-
tion/boredom, given their algebra knowledge and personality. The presented results below are
from the model (1) with the marginal prior distributions defined as in (2), where we use the
following MCMC configuration: 3 Markov chains with 500000 iterations (after burning of 50000)
and storage every 500 iterations to reduce autocorrelation in the posterior sample.
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Table 2: Posterior summary of the parameters of interest for the time from confusion to frus-
tration/boredom.
Parameter Mean SD 2.5% 50% 97.5%
β1 -1.970 0.672 -3.334 -1.956 -0.725
β2 0.721 0.634 -0.602 0.725 1.943
β3 -0.828 0.710 -2.202 -0.835 0.581
Table 2 summarizes the posterior estimates of the parameters β1, β2 and β3 of the model (1)
with prior distributions (2).
The interpretation of the results from the Bayesian approach is simple and fundamentally
based on quantities of interest, such as mean, standard deviation (SD) and quartiles, from
probability distributions, called posterior (or a posteriori) distributions. In addition, the inter-
pretation of mean signal of each parameter is counter-intuitive, because in the case of negative
signal, the higher the value of the variable referring to this parameter, the longer the time until
the student experiences the event of interest.
As for the question RQ2, based on presented results in Table 2, we have evidences that the
more algebra knowledge, the longer the time until the student in the confusion state becomes
frustrated/bored with the exercise, i.e., there is a positive association. The answer to RQ1
is divided into two parts, where the first one refers to extroversion index and the second one
to neuroticism index. The interpretation for extroversion index is analogous to the algebra
knowledge, since the higher the extroversion index, the longer the permanence time between
confusion and frustration/boredom. On the other hand, an increase in the neuroticism index
leads to a reduction in the permanence time from confusion to frustration/boredom, i.e., the
student gives up on the problem solving more quickly (negative association).
From the posterior distribution of θ, we can calculate derived quantities that help us to an-
swer RQ3, such as the median time of permanence time from confusion to frustration/boredom.
This median time T is obtained when the survival function Si(T ) for a student i takes the value
0.5 and is given by:
T =
 − log(0.5)
λ exp
(
β1 x1i + β2 x2i + β3 x3i
)
wi
1/α . (3)
It is worth mentioning that, in survival analysis, right-censored data make the median more
informative than the mean, i.e., participants who do not experience the event of interest -
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frustration/boredom state - during the study time would take the average to higher values.
In Bayesian terms, we can calculate the posterior mean of the median time (3) for a generic
individual i, given his/her variables xi, by the following equation:
E
[
Si(T | θ,xi) | D
]
=
∫
Si(T | θ, wi,xi)pi(wi,θ | D) d(wi,θ)
≈ 1
K
K∑
k=1
Si(T | θ(k), w(k)i ,xi), (4)
where θ(k) and w
(k)
i are k
th values of posterior sample pi(wi,θ | D). The approximation (4) is
carried out by Monte Carlo integration (Niederreiter, 2003).
To exemplify the obtained results and answer RQ3, Table 3 shows the posterior mean of
median time of the permanence time from confusion to frustration/boredom (4) with different
configurations of prior algebra knowledge and scores of neuroticism and extroversion indexes.
Table 3: Posterior mean of median time of the permanence time from confusion to frustra-
tion/boredom for different profiles.
Variable Profile
x1 0 0.5 1 0 0 1 1 0 1
x2 0 0.5 0 1 0 1 0 1 1
x3 0 0.5 0 0 1 0 1 1 1
Time 34 76 159 19 64 90 313 37 175
From the results, the influence of each variable at median time of the permanence time
from confusion to frustration/boredom is evident. For instance, a student with a “median”
configuration (i.e., 0.5 for all variables) would take on average 76 seconds to migrate between
the states of interest. We also can note that students with a maximum score (value 1) for the
prior algebra test and the extroversion index, and a minimum score (value 0) for the neuroticism
index would require, on average, 313 seconds to pass from confusion to frustration/boredom.
On the other hand, when the student has a maximum score for the neuroticism index and a
minimum for the prior algebra test and the extroversion index, he/she takes, on average, 19
seconds.Note that we did not include in the model (1) a covariate describing the difficulty level
of algebra questions. This is due to the fact that, in our preliminary analyzes, this covariate
did not present relevant differences between the three difficult levels (basic, intermediate and
difficult).
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6 Threats to validity
A possible threat to validity of the results is the representativeness of the sample, since all
individuals who participated in the study are undergraduate students. In this way, it is not
possible to generalize the results to the entire student population. From the statistics point of
view, this problem can be circumvented with repetitions of this study in different samples of
undergraduate students. Although there was concern in assessing the permanence time from
confusion to frustration/boredom, the usability of the software for the algebra test may have
prevented some students to complete the exercises. Another threat to be considered is the use
of two people to code students emotions by face observation, leading to an interpersonal bias as
to the accuracy in the permanence time.
7 Conclusions
We aimed to study the permanence time of students from a confusion state to a frustra-
tion/boredom state, given their algebra knowledge and personality. The results of our exper-
iment suggest that prior algebra knowledge and personality traits affect the permanence time
from confusion to frustration/boredom during the learning process. Notably, students with a
high neuroticism index and low score in the algebra test cannot deal very well with the confusion,
remaining less time in this emotion compared to students with high extroversion index and low
score in the algebra test. This means that neurotic students who are also beginners in algebra
spend less time confused and feel frustration/boredom more quickly compared to extroverted
student with the same level of algebra knowledge.
We believe that these preliminary results can help in the elaboration of computational models
of emotional regulation of students. The permanence time in the confusion state can be inte-
grated with other information, for instance, physiological sensors or automatic facial expressions.
This information can contribute to emotion control using interfaces, which detect personality
traits and the beginning of the confusion state, adapting elements for beginner students with
little tolerance in the permanence time of confusion. In addition, as future work, the results
may help with the investigation of student self-efficacy. Other benefit of this experiment was
the provision of a replication package4, which can be used by other researchers for the same
4http://goo.gl/YtGn7H
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purpose.
Focusing on the statistical approach, the Bayesian perspective for survival analysis was of
paramount importance, since we had a small data set and wanted to interpret derived quantities
based on model parameters (questions RQ1, RQ2 and RQ3). Furthermore, the estimated
permanence time between confusion and frustration/boredom for any new student profile is
easily calculated, providing quick decision-making with respect to emotional regulation.
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